Drought is a ubiquitous and reoccurring hazard that has wide ranging impacts on society, agriculture and the 10 environment. Drought indices are vital for characterizing the nature and severity of drought hazards, and there have been 11 extensive efforts to identify the most suitable drought indices for drought monitoring and risk assessments. However, to date, 12 little effort has been made to explore which index(s) best represents drought impacts for various sectors in China. This is a 13 critical knowledge gap, as impacts provide important 'ground truth' information. They can be used to demonstrate whether 14 drought indices (used for monitoring or risk assessment) are relevant for identifying impacts, thus highlighting if an area is 15 vulnerable to drought of a given severity. The aim of this study is to explore the link between drought indices and drought 16 impacts, using Liaoning province (northeast China) as a case study due to its history of drought occurrence. To achieve this 17 we use independent, but complementary, methods (correlation and random forest analysis). Using multiple drought indices -
with an annual average precipitation of 686.4mm, which is unevenly distributed both temporally and spatially (Cai et al., 2015) . Figure 1 shows the annual average rainfall across Liaoning, the south-east receiving on average more than 1000mm a year, 
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The selected vulnerability factors and data from the 2017 Liaoning Statistical Yearbook are shown in Table 2 . 184 was analyzed with the annual drought impact data. As each city has more than one station, the annual soil moisture of each 185 station was calculated and then averaged into one value for each city.
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The area-averaged NDVI at city unit was calculated based on the monthly NDVI. The critical stages of the spring maize growth 187 in Liaoning is in July, so the area-averaged NDVI in July was selected for the analysis with the annual drought impacts. The percent change of MSE (MSE%) is based on how much the accuracy decreases when the effect of the variable is excluded,
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as the values are randomly shuffled, the higher the value, the higher the index importance (Carolin et al., 2009 ). The first 210 splitting values of each decision tree was also extracted. Soil moisture and NDVI were not analyzed using random forest due 211 to missing data and short time series.
4) Standardization of drought impacts and vulnerability factors 213
To ensure comparability and to facilitate the visualization of the drought impacts and vulnerability factors, they were 214 standardized to a value from 0 to 1 using Eq. (3) and Eq. (4) 6-, 12-, 15-, 18-and 24-month accumulation periods and the sum of the  10 precipitation. The largest impacts are generally associated with the lowest index values. This suggests that there is a 229 relationship between the drought indices and drought impacts, and this will be explored quantitatively in the next sections.
230 Figure 3 shows the spatial distribution of the annual average of each drought impact type collected between 1990 and 2016. It
231
shows that for all categories of drought impacts, more drought impacts were recorded in the drier northwestern part of Liaoning 232 province than in eastern parts of the province. The NLH was highest in Dalian, whilst Shenyang had the biggest PHD. The Pearson correlation coefficient (r) for each city and drought impacts is shown in Figure 4 . In most cases the drought index 238 is negatively correlated with the drought impacts, suggesting that the lower the drought index, the greater drought impact. 
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SPEI6 is equal to -1.5, using vulnerability factors (listed in Table 2) as predictors. 
